The main objective of this study is to assess regional landslide hazards in the Hoa Binh province of Vietnam. A landslide inventory map was constructed from various sources with data mainly for a period of 21 years from 1990 to 2010. The historic inventory of these failures shows that rainfall is the main triggering factor in this region. The probability of the occurrence of episodes of rainfall and the rainfall threshold were deduced from records of rainfall for the aforementioned period. The rainfall threshold model was generated based on daily and cumulative values of antecedent rainfall of the landslide events. The result shows that 15-day antecedent rainfall gives the best fit for the existing landslides in the inventory. The rainfall threshold model was validated using the rainfall and landslide events that occurred in 2010 that were not considered in building the threshold model. The result was used for estimating temporal probability of a landslide to occur using a Poisson probability model. Prior to this work, five landslide susceptibility maps were constructed for the study area using support vector machines, logistic regression, evidential belief functions, Bayesian-regularized neural networks, and neuro-fuzzy models. These susceptibility maps provide information on the spatial prediction probability of landslide occurrence in the area. Finally, landslide hazard maps were generated by integrating the spatial and the temporal probability of landslide. A total of 15 specific landslide hazard maps were generated considering three time periods of 1, 3, and 5 years.
Introduction
In the Hoa Binh province, rainfall during the last decade has been particularly heavy resulting in an increasing frequency of landslide occurrences. Landslides mainly occur in the rainy season during May to October, especially during torrential rainstorms. In addition, the effect of tectonic activity, steep terrain, and extensive clear-cut logging are factors leading to the occurrence of landslides (Tien Bui et al. 2011a) . In recent years, due to the development of economics with extensive land use activities, some main infrastructures such as new road networks and settlement expansions are shifted to the mountainous regions. Therefore, areas that may have a potential risk for landslides should be identified in order to reduce the probability of damage. For that reason, landslide hazard assessment has become an urgent task that can help authorities to reduce landslide damages through proper land use management for infrastructural development and for environmental protection.
Landslide hazard is expressed as the probability of a potentially damaging landslide in a specified period of time and in a given area (Van Westen et al. 2006; Varnes 1984) . The aforementioned definition of landslide hazard incorporates the concepts of both location and time. It means when assessing landslide hazards, one has to predict ''where'' a landslide will occur (spatial probability) and ''when'' or how frequent (temporal probability) will they occur. For estimation of the spatial probability of landslide hazards, various methods and models are successfully developed and used in the literature (Chacon et al. 2006; Guzzetti et al. 2006; Yao et al. 2008; Yeon et al. 2010; Yilmaz 2010; Marjanovic et al. 2011; Oh and Pradhan 2011; Sezer et al. 2011; Althuwaynee et al. 2012; Ballabio and Sterlacchini 2012; Devkota et al. 2012 ; Lee et al. 2012; Pourghasemi et al. 2012a; Xu et al. 2012; Zare et al. 2012; Tien Bui et al. 2012c; Pradhan 2010a Pradhan , b, 2011a Pradhan , b, 2012 . However, few attempts have been carried out to estimate temporal probability of slope failure (Guzzetti et al. 2005; Jaiswal et al. 2010; Das et al. 2011) . Thus, landslide hazard mapping is considerably challenging either due to incomplete dataset or unavailability of historical data in developing countries (Harp et al. 2009 ) such as in Vietnam.
Two main approaches have been widely used for the assessment of temporal probability of the future occurrence of landslides: The first one is the analysis of potential slope failure, and the second one is the statistical treatment of the past landslide events (Lopez Saez et al. 2012) . The first approach analyzes the current slope conditions and assesses the potential for instability. This approach, however, is less suitable for large areas (Jaiswal and van Westen 2009 ) such as the Hoa Binh province. The second one focuses on the analyses of the frequency of the past landslide events (Brabb 1984) and can be carried out directly by using the historical records of the landslides or indirectly using the information of rainfalltriggered landslide events (Corominas and Moya 2008) . Direct analyses of fairly complete historical landslide records covering a long time span is considered to be a good way to obtain the temporal probability. However, mostly it is extremely difficult to have such data for all the existing individual landslides at regional scale. Therefore, indirect method that use the frequency of occurrence of rainfall to estimate the temporal probability of landslides was used in this study. Although indirect method does not require a complete multitemporal landslide inventory, they require an establishment of reliable relations between rainfall and the occurrence of landslides (Jaiswal et al. 2010) . Once the rainfall threshold is determined, the temporal probability of landslides is calculated based on cluster of times rainfall exceeded the threshold. Since the frequency of the rainfall-triggered landslides only provides estimation on how often landslides may occur, therefore, it needs to integrate with the spatial prediction of potential landslides to produce a landslide hazard map (Corominas and Moya 2008) .
Prediction of landslide occurrences using rainfall thresholds has been successfully accomplished in the United States Chleborad 2000; Salciarini et al. 2008; Godt et al. 2006; Coe et al. 2004) , Canada (Jakob and Weatherly 2003; Jakob et al. 2006) , Japan (Saito et al. 2010; Matsushi and Matsukura 2007; Osanai et al. 2010) , New Zealand (Glade 2000; Schmidt and Glade 2003) , Italy (Guzzetti et al. 2005; Aleotti 2004; Salciarini et al. 2012; Giannecchini et al. 2012; Martelloni et al. 2011) , Spain (Corominas and Moya 1999) , Portugal (Zezere et al. 2005) , and Norway (Melchiorre and Frattini 2012) . Three main approaches have been proposed to establish rainfall thresholds for landslide initiation (Guzzetti et al. 2007 ). The first one is the physical-based models (Crosta and Frattini 2003; Montgomery and Dietrich 1994; Wilson and Wieczorek 1995) , the second one is empirical models (Caine 1980; Reichenbach et al. 1998; Aleotti 2004; Jemec and Komac 2012; Sengupta et al. 2010) , and the last one is statistical-based models (Frattini et al. 2009 ). The physical-based threshold models establish the correlation between rainfall and local terrain characteristics (e.g. slope gradient, soil depth, and lithology) through a dynamic hydrological model (Terlien 1998) . Empirical models define rainfall thresholds based on the analysis of the past rainfall events that have resulted in landslides. Based on plotting the rainfall conditions that resulted in landslides, the thresholds are usually determined visually by drawing lower bound lines in the graph (Guzzetti et al. 2007) . Statistical-based models use statistical analysis techniques, such as logistic regression and Bayesian inference to determine rainfall thresholds (Frattini et al. 2009; Guzzetti et al. 2007) . Although a fair number of rainfall thresholds have been proposed; however, most of the aforementioned thresholds only perform reasonably well in the respective study areas for which they were developed (Jakob et al. 2006) . But in general, it is difficult to export these results to other areas due to the differences in climate, geology, and geomorphologic settings.
The main objective of this study is to assess landslide hazard using temporal rainfall at regional scale for the Hoa Binh province. The rainfall threshold for landslide initiation was estimated based on the correlation analysis of the rainfall and the historical landslide records. The rainfall threshold was validated using the landslide events in 2010. Then, the exceedance probability of the rainfall threshold was obtained, and the temporal probability of landslides was estimated indirectly using Poisson model. Various landslide susceptibility maps were generated from the previous works conducted by the same authors using support vector machine (Tien Bui et al. 2012a) , logistic regression (Tien Bui et al. 2011a) , evidential belief functions (Tien Bui et al. 2012d ), Bayesian-regularized neural networks (Tien Bui et al. 2012b) , and neuro-fuzzy models (Tien Bui et al. 2011b ) were used to integrate with the temporal probability to produce the landslide hazard maps.
Study area
The Hoa Binh province is located in the northwestern region of Vietnam (Fig. 1) . It covers an area of about 4,660 km 2 between longitudes 104°48 0 E and 105°50 0 E and latitudes 20°17 0 N and 21°08 0 N. The elevation in the province ranges from 0 to 1,510 m above sea level and gradually decreases from northwest to southeast. The landscape in the province is rather complicated, and generally, it can be reclassified into three basic classes: the mountainous complex, the hilly complex, and the valley. It has a diverse topography such as mountains, small valleys, hills, mounts, cliffs, and plains. The mountainous region is strongly dissected and steep. The plains are small and intermixed with valleys whereas the hills are dispersed between the mountains and the plains. The diverse topography makes the province one of the most prone regions in Vietnam for natural disasters such as floods and landslides. The detailed description of the study area can be seen in Tien Bui et al. (2011a) . Geologically, the area comprises of limestone, conglomerate, aphyric basalt, sandstone, silty sandstone, and black clay shale. The ages of rocks vary from Paleozoic to Cenozoic. Five major fracture zones (Hoa Binh, Da Bac, Muong La-Cho Bo, Son La-Bim Son, and Song Da) pass through the province causing rock mass weakness. The land use of the study area comprises of forest land (52.6 %), barren land and non-forest rocky mountain (21 %), agricultural land (14.5 %), settlement areas (7.5 %), water surface (4 %), and grass land (0.4 %).
The study area is situated in the monsoonal region, with hot, rainy, and dry seasons. The coldest month is January, and the hottest month is July with an average temperature of 14.9 and 26.7°C, respectively. Seasons in the province are classified as rainy or dry. The rainy season is normally from May to October with a high frequency of intense rainfalls. In the rainy season, the average annual rainfall is around 200 mm per month. In August and September, rainfall peaks at values from 300 to 400 mm per month. The frequency and intensity of the rainfall are concentrated over a short period that triggers most of the landslides, flooding, and erosion in the study area. The rainfall data available from 12 rain gauges are based on daily measurements (Fig. 2) . The historical rainfall record for the past 21 years, that is, for the period 1990 to 2010 shows that the mean annual rainfall ranges from 1,376.1 mm in the Muong Chieng area to 2,075.7 mm in the Kim Boi region ( Table 2 ). The annual rainfall ranged from 937.3 mm (Cao Phong rain gauge in 1991) to 4,811.6 mm (Lac Son 2001), with an average value of 3,120.7 mm. It accounts for 86 % of the annual rainfall (Fig. 3) .
The average annual rainfall is lowest at the Muong Chieng rain gauge (1,376 mm) and highest at the Kim Boi rain gauge (2,076 mm). The most important characteristic of rainfall in the study area is that it is concentrated in a few days with a maximum daily rainfall exceeding 100 mm. The maximum rainfall recorded in a single day of a year varies from 35 mm (at the Cao Phong rain gauge in 1993) to 950 mm (at the Mai Chau rain gauge in 2006) (Fig. 2) .
Landslide inventory map
The landslide inventory map was prepared from historical records for the past 20 years. This map is based on landslide inventory maps from several projects such as (1) (My 2007) . Additionally, some recent landslides were collected by interpretation of SPOT 5 satellite imagery with 2.5-m spatial resolution (Tien Bui et al. 2011a) . Figure 1 shows the distribution of landslides in the Hoa Binh province. A total of 97 areas of landslides and 21 areas of soil-rock slides were registered in the map. The smallest landslide size of the landslide is about 383 m 2 , the largest is 14,343 m 2 , and the average is 3,443 m 2 . In the study area, a full detail inventory of landslide is not available, and a landslide was only reported whether it had affected the infrastructural system or fatal death or injuries in the local community. Analysis of the landslide inventories shows that most of the slope failures in the study area were caused by rainfall infiltration into the soil causing an increase in soil pore-water pressure (My 2007; Hue et al. 2004) . Table 1 shows that most of these landslides have occurred in the rainy season from May to October when daily rainfalls exceeded 100 mm. However, the antecedent rainfall that influence the degree of saturation of the soil ) has also play an important role for the initiation of the landslides. Many landslides occurred on October 5, 2007, when daily rainfall and 3 days antecedent rainfall exceeded 172.4 and 161.6 mm, respectively. A large number of landslide occurrences were also happened on October 31, 2008, when daily rainfall and 15-day antecedent rainfall exceeded 118.0 and 93.3 mm, respectively (Tables 1, 2). 
Determination of rainfall threshold
A rainfall threshold is defined as the minimum rainfall conditions for triggering landslides in a particular region (Guzzetti et al. 2007 ). The determination of rainfall thresholds for landslide initiation is considered as a basic task in landslide hazard assessment, and various methods have been proposed to establish rainfall thresholds (Dahal et al. 2009; Guzzetti et al. 2007; Zezere et al. 2005; Giannecchini et al. 2012; Frattini et al. 2009; Crosta 1998; Corominas and Moya 1999; D'Odorico and Fagherazzi 2003; Glade 2000; Godt et al. 2006; Marques et al. 2008; Saito et al. 2010) . In general, they can be classified into five threshold groups: (1) empirical; (2) physical-based; (3) intensityduration; (4) normalized intensity-duration; and (5) antecedent rainfall. The advantage and disadvantage for each of these threshold groups are discussed in Guzzetti et al. (2007; . The thresholds using rainfall intensity-duration are the most widely used method in the literature (Martelloni et al. 2011) . For rainfall threshold estimation, the most four common variables used in the literature are as follows: daily rainfall (Dahal and Hasegawa 2008) , antecedent rainfall (Glade 2000) , cumulative rainfall (Polemio and Sdao 1999) , and normalized critical rainfall (Aleotti 2004) . In general, the selection of the right parameters in constructing rainfall threshold is mainly dependent on the landslide type (Martelloni et al. 2011 ).
In the case of the Hoa Binh province where only daily rainfall is available, antecedent rainfall was believed to have played an important role in the initiation of landslides because it reduces soil suction and increases the pore-water pressure (Thach et al. 2002) . Therefore, antecedent rainfall was used for the establishment of the threshold model using the empirical method. Figure 2 shows the daily rainfall data at the Hoa Binh province between the years 1990 and 2010.
One of the most difficulties when using antecedent rainfall for landslide prediction is to determine the number of days to be used (Guzzetti et al. 2007) . A detailed literature review Polemio and Sdao (1999) considered 180-day cumulative daily rainfall data. In summary, the antecedent rainfall between 3 and 120 days (Pasuto and Silvano 1998) could be significant for explaining the landslide occurrence (Dahal et al. 2009 ). The large variability on the number of antecedent rainfall days may be influenced by factors such as (i) diverse lithological, morphological, vegetation, and soil conditions, (ii) different climatic regimes and meteorological circumstances leading to slope instability, (iii) and heterogeneity and incompleteness in the rainfall and landslide data used to determine the thresholds (Guzzetti et al. 2007 ).
In order to determine the number of days for the antecedent rainfall, we considered the correlation analysis between the daily rainfalls related to the past landslide events and the corresponding antecedent rainfall (Zezere et al. 2005) for six different periods: 3, 5, 7, 10, 15, and 30 days. The result is shown in Fig. 4 . The red diamonds depict the landslide events whereas the blue diamond shows the maximum yearly rainfall in 1 day without reported landslide for the period of 21 years from 1990 to 2010. From these graphs, it can be observed that the best discrimination (between the events triggered landslides and those that did not) appeared for the landslide events corresponding to the 15 days of antecedent rainfall. For the other antecedent rainfall days, discrimination seems to be not so evident. For that reason, the 15-day antecedent rainfall was adopted for the calculation of rainfall threshold in this study.
In order to determine the rainfall threshold R TH , a scatter graph that represents daily rainfall (with one or more landslides) against the corresponding 15-day antecedent rainfall was constructed (Fig. 5 ). This graph is based on the rainfall-induced landslides in the past with episodes from 1990 to 2009. The landslides that occurred in 2010 were used for the threshold validation. The mathematical equation for the envelope curve for landslides was then obtained using the lower end of the plotted points in the scattered graph (Chleborad 2000; Chleborad et al. 2006; Jaiswal and van Westen 2009 ) as R TH = 128.5-0.164 R 15Ad . Where R TH is rainfall threshold and R 15Ad is accumulated rainfall values for the antecedent 15 days. 
Validation of the rainfall threshold
In landslide hazard modeling, validation of employed models is considered to be the most essential component and without validation, and the prediction models will have no scientific significance (Chung and Fabbri 2003) . In order to validate the rainfall threshold, the main recent rainfall events and the recorded landslide data from 1 January 2010 to 31 December 2010 were used. This dataset was not used in the rainfall threshold model creation. The result (Fig. 6) shows that in the period from May to October 2010, the rainfall threshold exceeded once on 28 August at Tan Lac, Lac Son, and Tu Ly. Subsequently, the rainfall exceeded two more times in Cao Phong (Jun 25 and August 28) and three times Mai Chau (18 and 25 Jun, 28 August), respectively. It could be observed that all landslides occurred when the rainfall values exceeded these thresholds. In contrast, during one event occurred in Mai Chau (25 June), the rainfall threshold exceeded, but no landslide was reported (Fig. 6e) . The daily and 15-day antecedent rainfalls on June 25 were 94.6 and 195.8 mm, respectively. This rainfall event, however, was quite close with the previous event (Jun 18) that did cause some landslides (Fig. 6e) . In general, the threshold model has performed well for accurate forecasting of landslide events in 2010.
Temporal probability of landslide initiation
For estimating the temporal probability of landslide initiation, we considered the following assumptions: (1) the probability of occurrence of a landslide is related to the probability of 2) the landslide activity will not occur or occurs only rarely when rainfall amounts are below the rainfall threshold . The probability of occurrence of episodes of rainfall exceeding the rainfall threshold for the period of 21 years (from 1990 to 2010) was used for estimating the temporal probability of a landslide occurrence using a Poisson probability model.
According to Crovelli (2000) , probability of n landslides during time t can be estimated using Poisson distribution as follows:
where N(t) is the number of landslides occurred during time t, k is the rate of occurrence of landslides. Probability of one or more landslides occurred during time t, which is called exceedance probability, can be estimated as follows:
where l is called the future mean recurrence interval and l = t -1 ; t is a period of time in the future for which the exceedance probability is calculated. The future mean recurrence interval is estimated using the historical mean recurrence interval with the assumption that the future occurrence of landslides will remain the same as it was in the past (Crovelli 2000) .
Because of the rainfall variability, the study area was divided into 11 sub-regions ( Fig. 1 ) based on elevation difference, horizontal distance, geographic boundaries as well as the topographical location of the rain gauges ). Using the time series of daily rainfall of 11 rain gauges, the number of times the threshold was exceeded for the period of 21 years (1990-2010) was calculated. Finally, the temporal probability for each sub-region was obtained (Table 3) . 
Spatial prediction of landslide hazards
Prior to this study, landslide susceptibility maps were constructed by analyzing the relationship between the landslide inventories with various conditioning factors. The same authors have developed and successfully applied various models for the spatial probability of landslide hazards for the Hoa Binh province. Based on that results, the landslide susceptibility maps obtained from the models: Logistic regression (Tien Bui et al. 2011a) , support vector machines (Tien Bui et al. 2012a) , evidential belief functions (Tien Bui et al. 2012d) , Bayesian neural networks (Tien Bui et al. 2012b ), neuro-fuzzy (Tien Bui et al. 2011b ) were used in this study (Fig. 7) . All the landslide susceptibility models were validated by means of success-rate and prediction-rate methods. The success-rate results were obtained by comparing the landslide susceptibility maps with the landslides in the training dataset, whereas the prediction capability of the susceptibility models was assessed using the validation dataset that is independent from the one used in the process of building the landslide models. Since the results have already been discussed in the previous published papers, for that reason, we only sum up the main results here: The prediction rate of the models is slightly lower than the success rate of the models. The landslide susceptibility model obtained from support vector machine has the highest prediction probability. It is followed by logistic regression, evidential belief functions, Bayesian neural networks, and neuro-fuzzy (Fig. 8) . This result is in agreement with Yao et al. (2008) , Marjanovic et al. (2011) , and Ballabio and Sterlacchini (2012) , who stated that prediction capability of the support vector machines model possesses better than those obtained from the logistic regression and other conventional models.
Landslide hazard assessment
For presentation purpose, only two landslide hazard maps based on support vector machines and logistic regression models are shown here. These maps were obtained by multiplying the values of spatial and temporal probability of landslides to delineate the landslide hazard. In order to evaluate the changes in temporal of these maps, the probability is estimated for three scenarios, that is, 1, 3, and 5 years. Examples of rainfallinduced landslide hazard maps for 1, 3, and 5 years are shown in Fig. 9 .
These landslide hazard maps were visualized by means of four main groups risk conditions (Pradhan and Lee 2010) such as: (1) high-risk areas (10 %); (2) moderate-risk areas (15 %); (3) low-risk areas (15 %; (4) very low-risk areas (60 %). These risk condition groups are drawn based on the graph of cumulative percentage of landslide versus landslide hazard map index. This graph was constructed by overlapping the landslide inventory with the landslide hazard map. Fig. 10 shows a graph of cumulative percentage of landslide vs. landslide hazard map index produced using support vector machines model with scenario of 5 years. It could be observed that most of the landslide pixels (87.2 % landslide pixel) are located in the highrisk areas where the landslide hazard probability of over 58 %. Only few landslide pixels (1 %) are located in the very low-risk areas. The landslide pixels fall in the moderate and low-risk areas are 9.4 and 2.4 %, respectively. In general, the hazard map clearly separates the high-and the low-risk areas (Fig. 11) . Moreover, the areas with high-and moderaterisk should be taken into account when planning mitigation and designing landslide remedial measures.
Discussions and conclusion
Landslides are a common natural hazard during heavy rainfall in mountainous areas of Vietnam. During the last decade, landslides are significantly increased due to clear-cut logging, deforestation, and infrastructural expansion. However, the assessment of landslide hazard is even difficult in developed countries (Harp et al. 2009 ). In recent years, the Nat Hazards (2013) 66:707-730 721 development of geographical information systems (GIS) technology in combination with the mathematical and statistical tools (such as in Matlab software) has led to the growing application of quantitative techniques in many fields of the earth sciences (Carrara and Pike 2008) including landslide. Many methods and techniques for the quantitatively assessment of landslide hazard have been proposed; however, they may be best classified as susceptibility models because they only provide information on spatial probability (Das et al. 2011) . In this study, we present an approach for the regional prediction of landslide hazards in the Hoa Binh province (Vietnam). This approach allows us to assess landslide hazard scenario in an area where a multi-temporal landslide inventory is not full available. Since the map is available only in regional scale; therefore, the run out analysis to quantify the hazard was not included. The landslide hazard maps were obtained by integrating temporal probability of landslides with the landslide susceptibility maps. These hazard maps provide information on ''where'' and ''when'' a landslide is expected in terms of probability; therefore, land use planning for the future development implementation indifferent scenarios (1, 3, and 5 years) can be carried out. In general, these hazard maps clearly separate the high-and the low-risk areas. The detail interpretation of the hazard map (example in Fig. 11 ) revealed that areas with high probability of landslides along the active fault zones passing through the Tan Mai and Phuc San communes (Fig. 11) . They belong to the most vulnerable areas for landslides in the study area for the last years. In the two communes, a total of 350 families had to relocate due to landslides in 2010 and 2011. Other areas with high probability of landslides are (as shown in Fig. 11 ) as follows: (1) Phieng Sa, Tan Son areas: on February 16, 2012, a large landslide occurred in these areas destroying a section of the national road number 6 and killing two people (the blue pushpin, Fig. 11) . Another large landslide occurred on September 13, 2012 , that destroyed the road section and blocked traffic for some days (the pink pushpin in Fig. 11 ). (2) Tong Dau and Dong Ban areas: in these areas on March 2, 2012, a large landslide (more than 40,000 m 3 ) collapsed destroying more than 100 m of the road section and caused serious traffic problems. High-vulnerable areas for landslides (as reported for last some years) are also for Toan Son and Tu Ly, Dong Tien and Doc Cun, Quy Hoa and Vinh Dong, and Hung Tien. These areas are indicated as high probability of landslide hazards on the map (Fig. 11) .
A further analysis was carried out by overlaying the populated area with the landslide hazard maps. The result shows that many high-risk regions are falling within the populated areas with extensive road networks (Figs. 11, 12 ). This is one of the main problems for the Fig. 8 a Success-rate and b prediction-rate curves of the five landslide susceptibility models implementation of the development in these areas. As shown in the map (Fig. 11) , a high probability of landslide hazards has caused the loss of human lives, properties, and infrastructures due to recent landslides. Therefore, these areas should be given a high priority for developing mitigation measures to reduce the impact of landslides. Fig. 9 Examples of landslide hazard maps for three scenarios from 1 to 5 years. The probability gives the joint probabilities of landslides spatial occurrence and landslides temporal occurrence Nat Hazards (2013) 66:707-730 723 In the Hoa Binh province where a full detail landslide inventory is not available, it is impossible to use the traditional methods for direct analysis, that is, the frequency of landslides to obtain landslide hazard maps. Moreover, the details of soil thickness and soil strength properties are also not available. For that reason, deterministic models for the assessment of the absolute or relative stability of the slopes in regional analysis are not applicable in the study area. Therefore, temporal probability of landslide occurrences was calculated using an indirect method based on the mean rate of occurrence of the rainfall threshold. This method uses the availability of information on the date of landslide episodes and daily rainfall data for 21 years .
The comparative assessment between the landslide susceptibility maps with the landslide hazard map shows that some areas are relatively low susceptible to landslides (such as Lac Thuy area), but they become a little higher of landslide hazards (Fig. 11) in the given time of 1 year and vice versa. This is due to the number of times that rainfall has exceeded for the period resulting high temporal probability for those regions. And thus the probability of landslide occurrence for an area is a conditionally function of the probabilities of a landslide triggering rainfall event and the landslide susceptibility condition (Jaiswal et al. 2010) .
The spatial prediction models of landslide hazard for the Hoa Binh province were constructed based on the assumption that the future landslides will occur under the same geo-environmental conditions that produced them in the past. It is important to note that the landslide susceptibility models did not consider the rainfall triggering factor. Since the hazard models have an expected validity of 5 years, a question is that if a possibility these factors are being changed for that period. It could be expected that factors such as lithology, faults, soil type in the study area will not be significantly changed in the considered period. However, factors such as land use, distance to roads may change for the 5 years due to the anthropologic activities. This is because the changes in the vegetation layer by clear-cut logging and deforestation in the catchment areas of the Buoi River, Boi River, and Bui River of the province are continuing. In addition, the expansion of the road network system has been carried out during last few years and is also continuing to expand in the future. Thus, some landslide conditioning factors utilized in the landslide susceptibility models may be changed. Therefore, an assessment of the change of land use and road system should be carried out for the considered period. If the change is significant in Nat Hazards (2013) 66:707-730 725 the regional scale, conditioning factors of land use and distance to roads should be updated to be included in the susceptibility models. Because rainfall is the main triggering factor of landslides and there has been no report on landslides due to earthquake in this region. Temporal probability of landslides was indirectly estimated based on the statistical relationship between the historical landslide events and rainfall data. The rainfall threshold was estimated using all landslide episodes without considering the specific of landslide sizes as well as the number of landslides in the episodes. The role of the antecedent rainfall in triggering landslide was exhibited. The result shows that the cumulative rainfall before the landslide triggering event for the antecedent period in this study should be considered for 10-15 days.
Comparison of the days of antecedent rainfall in this study with those mentioned in the literature shows that very different periods in various empirical modeling techniques are taken into account and they are ranging from a few days to some months (Terlien 1998; Polemio and Sdao 1999) . In general, it is still difficult to quantify the antecedent periods. The determination of number of days for antecedent rainfall is dependent on local climate condition, slope, and characteristic of soils in terms of physical-mechanical properties and permeability (Aleotti 2004) . For landslide inventory in this study, a landslide was only reported and recorded if they had significantly affects the infrastructural system or causing death to the local livestock. Moreover, small landslides are not included in the landslide inventory map. Therefore, the temporal probability model can be improved if the rainfall threshold is constructed for small landslide and separately sizes.
Landslide hazard maps are a useful tool in taking appropriate decisions and measures for landslide prevention and mitigation. The developed landslide hazard maps in this study will provide quantitative information on areas prone to landslides in future that assist local authorities, planner, policy marker, and decision makers in infrastructure planning and development.
